We demonstrate that performance on an object recognition task can be explained in terms of observer-specific perceptual profiles. These profiles are derived from a battery of tests, including the effects of stereo, texture, outline (occluding contour), and motion cues on amplitude judgements of curved surfaces. Using a task in which observers learned to recognise 'amoeboid' objects, a multivariate regression analysis revealed that three psychometric variables derived from the test battery account for 74% of the variance in learning rate. These variables are choice reaction time, and the relative dependence of amplitude judgements on motion and outline cues. The implications of these findings for the existence of observer-specific perceptual profiles, and their relation to the fundamental psychophysical competences associated with object recognition are discussed.
Introduction
Visual perception depends on integration of information from different visual cues, such as motion, texture, and shading (Marr, 1982; Bulthoff & Mallot, 1988; Massaro, 1988; Aloimonos & Shulman, 1989; Landy, Maloney, Hohnston & Young, 1995) . However, there are at least three sources of variability in the extent to which different visual cues can provide information about physical attributes such as curvature, depth and slant. First, each cue can, in principle, provide information only about certain physical attributes (e.g. motion cues can be used to obtain curvature but not size, whereas texture cues can be used to obtain slant but not depth). Second, even if a cue provides information about a given physical attribute then the uncertainty (noise) associated with this information varies between different cues (e.g. curvature judgements based on texture are probably less reliable than those based on motion or stereo). These two sources of variability apply even to a statistically 'ideal observer' (Barlow, 1980) , and are therefore common to all observers.
Third, overlaid on the competences of the ideal observer, different individual observers may have predispositions for reliance on particular cues. It is the second and third sources of variability which are the subject of this paper.
The extent to which individuals differ in their reliance on different cues has received relatively little attention (Bulthoff & Mallot, 1990; Stevens, Lees & Brookes, 1991; Kumar & Glaser, 1992; Frisby, Buckley & Horsman, 1995) . Indeed, individual differences are neglected in most psychophysical experiments, and are usually treated as noise. Buckley and Frisby (1993) argued that these differences may be caused by cueconflicts in stimuli displayed on monitors. These conflicts do not usually exist in physical stimuli (for example, conflicts between blur and depth).
It is implicitly assumed in the psychophysics literature that the visual system treats stimuli presented on computer displays in the same way as physical stimuli. It is also assumed that different observers' visual systems can be regarded as essentially the same, once standard checks for good visual acuity and/or stereo acuity have been made.
In this paper, we make the following explicit assumptions. First, different observers have different patterns of cue-reliance. Second, the cue-conflicts in stimuli presented on a monitor interact with a given observer's pattern of cue-reliance. Third, such interactions are systematically related to the underlying visual competences of an observer, and can therefore be used to predict performance on a diverse range of tasks involving stimuli presented on a monitor.
Specifically, we investigate how individual differences in cue reliance, as derived from stimuli displayed on a monitor, can be used to predict performance in an object recognition task. Our starting point for measures of cue-reliance is Buckley and Frisby (1993) , who studied how information from stereo, texture and outline cues are integrated using small (8×8 cm), curved ridges presented as stereograms on a monitor. Cue-conflicts between texture, outline and stereo cues were generated. The effect of each cue on judgements of ridge amplitude was found to depend on the orientation of the ridge (see Fig. 1 ); specifically, texture/outlines cues affected amplitude judgements more for vertical ridges than for horizontal ridges. There were also marked differences between observers in their reliances on different cues (Frisby et al., 1995) .
As stated above, we explore whether cue-reliance derived from one set of stimuli can be used to predict how quickly observers learn to recognise objects displayed as image sequences. We anticipated that observers' learning rates in the object recognition task would depend on factors other than cue-reliance (e.g. IQ). We therefore tested each subject on a battery of different tasks in order to measure a range of underlying competences which might account for performance in the object recognition task. As far as we are aware, such a wide ranging exploratory study has not been attempted before.
O6er6iew of experiments and data analysis
We used three types of experiment, each measuring performance in different tasks: (i) Psychometric tasks: IQ and choice reaction time; (ii) Ridge Amplitude Task: judgement of amplitude of ridges, depicted as stereograms or motion sequences; and (iii) Object Recognition task: each observer learned to recognise 3D novel, amoebae-like synthetic objects, which rotated in depth, in a continuous-recognition task.
Each observer was tested in each of these tasks in the order i, ii, then iii. Measurements from the psychometric tasks and amplitude judgement task (i and ii) were then used to construct a psychometric profile for each observer. A regression analysis was used to relate observers' psychometric profiles to performance in the object recognition task (iii).
An obvious problem when trying to explain individual differences in performance in any task is the choice of individual measures. Given previous findings, cue-reliance was assessed using ridge stereogram stimuli simi- Fig. 1 . Ridge stereo-pairs. The ridges have parabolic depth profiles (see Fig. 2 ) and are similar to those used in the amplitude judgement task, but shown here at reduced size. The stimuli are arranged for cross-eyed fusion. (a and b) Vertical ridge stereograms. (a) The texture and outline cues are both consistent with a 3 cm amplitude ridge, and are in conflict with the stereo cue which is consistent with a 9 cm amplitude ridge. In (b) all threes cues are consistent with a 9 cm amplitude ridge. (c and d) Equivalent stereograms for horizontal ridges. Many viewers judge the ridge in (a) as much shallower than that in (b), suggesting that texture/outline cues preferentially influence the judged amplitudes of vertical ridges. The difference between judged amplitude of (c) and (d) is far less marked (For further details see Buckley & Frisby, 1993) . For reference, a list of variables measured from each task is listed in Table 1 .
Methods

Obser6ers
The observers were 24 undergraduate psychology students (12 male and 12 female) who were naive as to the purpose of the study. Their mean age was 21.58 years, with standard deviation 2.60. All 24 observers took part in the object recognition task, but only 21 of these (10 males and 11 females) were able to complete the 3D ridge amplitude judgement task and the psychometric tasks. All observers had normal or corrected to normal vision with stereo acuity of at least 30 s of arc (Titmus random dot test).
Psychometric tasks
The psychometric tests were designed to cover a range of competences. For each task listed below, the resultant measures are given in brackets. It took about 30 min to complete all the psychometric tasks.
Intelligence quotient (IQ DS )
The intelligence quotient IQ DS measured in this study is the Digit Symbol test, which is a performance subtest of the Wechsler Adult Intelligence Scale (WAIS-R) (Wechsler, 1981) . Population correlations between the digit symbol test and full scale scores reported in WAIS-R are r= 0.53 (age 20-24), and r= 0.61 (age 25-34). The digit symbol test measures visual-motor speed, with performance affected by visual memory, coordination, and the ability to learn nonverbal material.
Choice reaction time (DRT, MRT, RT)
Three components of reaction time were measured in a simple 2AFC task. On each of 110 trials, observers were presented with either a red or green disc presented against a black background on a computer screen at a distance of 57 cm. Observers were requested to press one of two response keys on a standard keyboard as quickly as possible. Each observer was presented with 55 red and 55 green discs in random order. Decision reaction time, DRT, is the interval between the appearance of a new stimulus and the observer's finger leaving a 'home' key (keypad key '2'). Mo6ement reaction time, MRT, is the interval between the observer's finger leaving the home key and hitting one of the response keys. Therefore two components of total reaction time (RT) were measured where RT=DRT+ MRT. The interval between a response and presentation of the next disc was varied randomly between 0.5 and 1.5 s lar to those described above (see Fig. 1 ). Our choice of which stimuli to use was mainly determined by previous findings with similar stimuli (Buckley, Frisby, Aranaz & Lipson, 1997) , where patterns of cue-reliance derived from such ridge stereogram stimuli predicted the time required to report the shape depicted in complex stereograms. Specifically, observers who relied on texture/outline cues when judging the amplitude of vertical ridge stereograms were the slowest to respond correctly to complex stereograms. Similar ridge stimuli are therefore used in this paper to derive observer cue-reliances. We derived estimates of cue-reliance for vertical ridges more thoroughly than for horizontal ridges because it has previously been shown that cue-reliance for vertical ridges has predictive power. Even though cue reliance ascertained from horizontal ridge stereograms did not predict reaction times to complex stereograms (Buckley et al., 1997) , we included some horizontal ridge stereograms to test whether this was true in an object recognition task. The object recognition task used test stimuli displayed as image sequences. It therefore appeared sensible also to measure individual differences in motion cue-reliance using moving ridges.
We anticipated that observers would differ in ways other than visual cue-reliance, and that these differences may have a bearing on performance in an object recognition task. We measured some of these differences by including non-specific tests, such as IQ and reaction time.
after the observer's finger returned to the 'home' key. Each observer responded with the forefinger of their dominant hand. The first ten trials were counted as practice trials, and were discarded. The mean of the remaining 100 RTs (DRT, MRT, RT) was used in subsequent analyses. The reason for measuring these separate reaction times is that DRT and MRT are thought to index different components of overall IQ (Jenson & Munro, 1979) . The application was written in MatLab, using the extensions provided by the highlevel Psychophysics Toolbox (Brainard, 1997) .
Ridge amplitude judgement task
Observers (N = 21) were trained to judge ridge amplitudes using physical ridges, and then tested with computer generated ridges depicted in stereograms or as image sequences (see Fig. 1 ).
Training stimuli
The training stimuli were a set of parabolic ridges each made by bending white card over a wooden former. The surface texture on each card was a regular lattice of non-overlapping 2 cm diameter black circles. The card was rectangular, and was 8 cm wide. The stimuli were shown against a frontoparrallel matt black surface. A calibration scale (see Fig. 2 ) was fixed onto this surface, and showed possible ridge profiles. Each ridge was presented so that the region of maximum curvature was nearest to the subject, and at 45°to the cyclopean visual axis (i.e. at an angle intermediate between the horizontal and vertical ridges shown in Fig. 1) . The stimuli were shown at a viewing distance of 57 cm, through a viewing tunnel which restricted the field of view to about 15°square. The area of the base of each ridge was 8× 8 cm. When viewed binocularly, the stimuli provided mutually consistent texture, stereo and outline cues. Note that the outline cue was provided by the occluding edge of the card. The five ridge training stimuli had amplitudes of 2, 4, 6, 8 and 10 cm. Each observer was first shown the training ridges in ascending amplitude, and told the amplitude of each. The five training stimuli were then shown in a random order, and the observer was asked to report the ridge amplitudes. Feedback was given. This procedure continued until each observer had reported correctly the amplitude of each ridge twice without any intervening errors; this took about 5-10 min.
Test stimuli
The test stimuli were computer generated stereograms and images sequences, each of which depicted a parabolic ridge, similar to the physical ridges used during training. These are referred to as stereo ridges and motion ridges, respectively. The test stimuli had amplitudes in the same range as the training ridges (see below). Whereas the surface of the training ridges had regularly spaced, non-overlapping 2 cm circles, the surface of test ridges had irregularly spaced, overlapping 2 cm circles. The occluding edge of the surface, and terminations of texture element lines defined the outline cue of the ridge (see Fig. 1 ). The most distant edges of the 8 × 8 cm (8°× 8°) ridges were arranged to appear in the plane of the screen. All stimuli were displayed as red/green anaglyphs on a SUN4 colour monitor (model CPD 1790, 0.26 mm pitch). Observers were seated in a darkened room. The screen was viewed from 57 cm through red and green filters mounted in a head-rest. The rest of the apparatus was obscured from view by black material. A shutter close to the head-rest was used to obscure the monitor during stimulus change.
Each test stimulus is specified in terms of values implied by different visual cues. For example, a stimulus S 9 T 3 L 3 specifies a ridge with stereo disparity (S) consistent with 9 cm, texture (T) consistent with 3 cm, and outline (L) cue consistent with 3 cm.
Stereogram ridges
We used ridges with either vertical or horizontal orientations. Fig. 1 shows examples of these two types of ridges. Five stereograms were used for each orientation where stereo, texture and outline cues were mutually consistent; all cues were consistent with ridge amplitudes of 3, 5, 6, 7 or 9 cm ridges. We define these as cue-consistent stimuli. Cue-conflict stereo ridge stimuli were generated by first creating the left image of the stereo pair with the required texture and outline cues, using perspective projection. The right image was then determined by the required disparity for each image point (Buckley & Frisby, 1993) .
The set of cue-conflict stereo ridges did not contain an extensive combination of amplitude levels of the cues. The cue-conflict stereograms for both the horizontal and vertical ridges were: (i) S 9 T 3 L 3 ; and (ii) S 3 T 9 L 9 . For the vertical ridges only, two additional cue-conflict stimuli were S 9 T 9 L 3 and S 9 T 3 L 9 .
Motion ridges
Each motion ridge stimulus was generated as a sequence of 22 images. As with the stereogram ridges, there were five cue-consistent stimuli, with amplitudes of 3, 5, 6, 7 and 9 cm. There were also two cue-conflict stimuli (M 9 T 3 L 3 and M 3 T 9 L 9 ), where M signifies the ridge amplitude depicted by the motion cue. The ridges were oriented vertically, as in Fig. 1 . Image sequences were made by first generating the pattern on the unrotated surface such that the texture and outline cues in a cyclopean view were consistent with the amplitude for these cues. The surface pattern was then held constant. Image sequences were then generated from a cyclopean view of this surface rotating around a central vertical axis. The ridge oscillated sinusoidally around this axis such that the peak was pointing towards one or other eye at each end of the oscillation 1 . The ridge rotated through 6.5°every 1.5 s. Only vertical ridges rotating around a vertical axis were explored in this experiment. Vertical moving ridges were used because cue reliance derived from vertical stereogram ridges has been found to have good predictive power in other tasks (Buckley et al., 1997) . Therefore the moving ridges were made to be, insofar as possible, similar to the vertical ridge stereograms. The stereo vergence angle was 6.5°, when fixating a point in the medial plane at our viewing distance of 57 cm, so the rotational extent of the moving ridges was therefore 6.5°. Thus, the stereogram ridges and the motion ridges were equivalent in terms of their respective spatial and temporal correspondence properties.
Procedure
Each observer was presented with a total of 23 interleaved stimuli (16 ridge stereograms and seven motion ridges). The stimuli were presented in a different random order to each observer, with the constraint that no more than two consecutive stimuli had cues consistent with the same cue magnitude (e.g. no more than two consecutive stimuli had T 3 ). All stimuli were shown twice except the 5 or 7 cm amplitude ridge cue-consistent stimuli, which were shown once.
All stimuli were viewed binocularly. Observers were free to scan the stimuli. For the ridge stereograms vergence eye movements were presumably needed to fuse the stimuli, given standard definitions of Panum's fusional limits (Boff & Lincoln, 1988) , as the disparity ranges of the various amplitudes were as follows: 3 cm= 0.36°and 9 cm= 1.22°.
The observers' task was the same for all ridge stimuli. Observers were instructed to judge the amplitude of the ridge. Written instructions impressed upon observers that the ridge amplitudes seen during training would not necessarily appear as experimental stimuli, and that even ridges with non-integer amplitudes (cm) could be shown.
The first two stimuli presented to all observers were practice ridge stereograms. The test stimuli were then shown. These were presented in a different random order for each observer. The ridge amplitude task lasted about 40 min.
Obser6er-specific amplitude judgement regression analyses
The dependence of each observer's amplitude judgements (A) on stereo (S), texture (T), outline (L) and motion (M) cues were assessed using three obser6er-specific regression analyses per observer: a bivariate motion-regression analysis, a bivariate horizontal stereogram-regression analysis, and a multivariate vertical stereogram-regression analysis.
Vertical stereogram regression analysis (S Grad , T Grad , L Grad and A Bias ): For amplitude judgements involving stereo, a multivariate regression analysis was performed with A as the dependent variable and S, T and L as independent variables. There were five cue-consistent stimuli (S 3 T 3 L 3 , S 5 T 5 L 5 , S 6 T 6 L 6 , and S 7 T 7 L 7 and S 9 T 9 L 9 ), and four cue-conflict stimuli (S 9 T 3 L 3 , S 3 T 9 L 9 , S 9 T 9 L 3 and S 9 T 3 L 9 ). The model underlying regression analysis in this case assumes that the jth amplitude judgement A j i of the ith observer can be expressed as a linear function of S, T and L. Consider an observer's response A j i to a stimulus with cue values S j , T j and L j :
Note that each observer has a single set of coefficients, as denoted by the superscript i. This analysis results in a set of three coefficients per observer
), indicating the extent to which each observer relies on stereo, texture, and outline (respectively) as cues to amplitude. The fourth term (V Bias i ) is equal to the mean amplitude judgement, and is interpreted as an intrinsic bias in the size of amplitude judgements.
Motion-regression analysis (M Grad , M Bias ): Amplitude judgements included five cue-consistent conditions Fig. 3 . Examples of stimuli used in the object recognition task (a) a grey-level object (b) a textured object.
Object recognition task
Object recognition performance was measured in terms of the number of trials required to learn to recognise objects. Each observer took part in one of two object recognition experiments (Stone, 1998a (Stone, , 1999 ), using either grey-level objects (Fig. 3a) or textured objects (Fig. 3b) . In both experiments, objects rotated in depth, and gave the appearance of a tumbling motion. Observers responded to each movie of an object according to whether it was a learned object or a distractor object.
Stimuli
The stimuli consisted of image sequences of rigid, smooth, grey-level or textured objects rotating against a black background under orthogonal projection (see Fig. 3a,b) . In each 90-image sequence, one object rotated (at 10°/s) slowly around an axis which rotated over time. All rotations were around a fixed point, which approximated the centre of mass of the object, giving the appearance of a tumbling motion. Each image was 300× 300 pixels with 128 grey-levels. Image sequences were played at a constant rate and were displayed in a darkened room on an Apple Multiple Scan 20 computer screen (set to 1024 × 768 pixel resolution), using D Pelli's Videotoolbox software (Pelli, 1997) . The target and distractor objects were the same for each observer. The starting image of each sequence was chosen at random every time it was played. A chin rest was used to ensure that observers viewed the movies at a distance of 57 cm. The objects subtended about 6×6°. For grey-level objects, the modelled obliquely placed light source was constant within and between image sequences. Both textured and grey-level objects contained cueconflicts. For both types of stimuli, the motion cue was consistent with the object shape, but the stereo cue was consistent with the flat fronto-parallel monitor screen. For the textured objects, the texture elements were small dots (about 6 min arc) with homogeneous distribution on the object. The texture cues of scaling were therefore consistent with the screen depth, and were in conflict with the dot density and motion cues 3 . The outline cue for both types of stimuli was consistent with the object shape. However, the outline was more apparent in the grey-level object stimuli (Fig. 3a) than in the textured stimuli (Fig. 3b) .
Procedure
The experiment consisted of three learning blocks of about 20 min each. In each block, each observer
) and two cue-conflict stimuli (M 9 T 3 L 3 and M 3 T 9 L 9 ). A simple regression analysis was performed using data from the five cue-consistent motion conditions with A as the dependent variable, and cue-consistent M, T and L cues as the independent variables 2 . The two coefficients M Grad , M Bias from the motion-regression consist of the dependence of A on MTL, and the mean A judgement, which is interpreted as the intrinsic predisposition, or bias, to perceive depth in the motion ridge stimuli.
Horizontal stereoram regression analysis: A simple regression analysis was also performed for the horizontal stereogram ridge data. This produced two coefficients per observer, similar to those for the motion ridges.
The group mean data for all three types of ridges (stereo horizontal, stereo vertical, and motion vertical) are discussed in Appendix A. learned to recognise four target objects, in a continuous recognition task, with target objects being shown for a minimum of ten trials. At the start of each block, observers were shown four target objects once for two complete rotations (i.e. 180 images). Thereafter, each observer was shown a sequence of image sequences, of which half displayed a target object and half displayed a distractor object. Each distractor was seen once only.
Observers indicated if each image sequence contained a target object by pressing one of two response keys. Observers were asked to respond as quickly and as accurately as possible at any time after the start of each image sequence. No feedback was given at any time.
2.4.3. Learning rate and object reaction time (Obj RT )
Observer performance was evaluated in terms of trial sets. A trial set is defined as the four target objects being learned and four previously unseen distractors, shown sequentially in random order. The number of learning trials for a given block was defined as the first of two consecutive trial sets in which all four target objects were correctly recognised, and for which no distractors were classified as target objects. The number of learning trials T i for the ith observer is defined as the median of the number of learning trials in each of three blocks (recall that four target objects were learned in each block). The learning rate for the ith observer is defined as LR= −T i , so that a positive correlation between LR and any other variable x implies that x and learning rate increase together.
Mean reaction times (Obj RT ) for responses to objects presented in the first five trials of the object recognition experiments were recorded for each observer. Other measures, such as hit rate, were also recorded. However, observers' hit rates were almost at ceiling for this task (see Stone, 1998a,b) , and therefore provide a small dynamic range relative to Obj RT .
Results
For reference, correlations between all measured variables in Table 1 are reported in Table A1 in Appendix A.
Amplitude judgement regression analysis
For the vertical ridge stereogram data, the observerspecific multivariate regression analyses provided a good fit to the amplitude judgements in most cases; the mean value of r 2 is 0.728 (sd=0.211), with most significance values less than 0.001. The seven non-significant values (P \0.05) were P =(0. For the motion ridge data, observer-specific bivariate simple regression provided a good fit to the five cueconsistent (amplitude judgement) data points, with significance at PB0.05 in all cases (the range of r 2 values was from 0.792 to 0.996).
Object recognition multi6ariate regression analysis
The first 17 of the 18 psychometric variables listed in Table 1 were used to predict learning rate (LR) in the object recognition task using a multivariate regression analysis. In order to minimise confusion with the subject-specific regression analyses described above, we refer to this as the object recognition regression analysis. All variables (including LR) were normalised to have zero mean and unit variance. The mean learning rates for the GL and DOT experiments were 8.11 and 9.46 trials, respectively. The learning rate data from the grey-level and textured object recognition tasks were pooled after a t-test revealed no significant difference in LR between the two experiments (t= 0.558, df=19, ns). There was also no difference in LR between males (9.10 trials) and females (8.91 trial), (t= 0.222, df=19, ns).
A stepwise regression analysis was performed using LR as the dependent variable and all 17 psychometric variables listed in Table 1 as the independent variables. All but four variables were excluded: choice reaction time (RT), amplitude judgements of the cue-conflict motion ridge (M 9 T 3 L 3 ), stereo-dependence dependence in vertical ridge stereograms (S Grad ), and outline-dependence in the same stereograms (L Grad ). Together these account for r 2 = 0.699 of the variance in LR (F = 13.182, PB 0.001).
The variable M 9 T 3 L 3 reflects relative dependence on motion and texture/outline cues for 3D amplitude judgements of motion ridges. The stimulus consists of a motion cue-consistent with a high amplitude ridge, and both texture and outline cues consistent with a low amplitude ridge.
Examination of the residuals for each observer revealed one outlier in the regression model. After removing this observer's data, r 2 = 0.767 (F= 17.536, PB0.001). All subsequent results are based on data from this set of 20 obser6ers. The four independent variables (with regression coefficients) are listed in Table 2 . The coefficient for stereo (S Grad ) is smallest in magnitude (and has a relatively large confidence interval, not shown), and its removal yields r 2 = 0.740 (F= 24.238, PB 0.001) (see Table 2 ).
When performing the multivariate observer-specific regression analyses (to obtain each observer's relative reliance on specific visual cues), it was noted that the proportion of variance accounted for in the vertical ridge stereogram amplitude judgements was small for two observers (as reported in Section 3.1). Using the coefficients of such 'noisy' observer-specific regression analyses as input to the object recognition regression analysis can have a disproportionately large effect on the latter. However, it was found that removal of the two observers with observer-specific regression significance values greater than 0.2 (i.e. P = 0.254 and P = 0.411) resulted in r 2 =0.732 (F =20.471, P B0.001), which is almost identical to results reported in the previous paragraph for 20 observers.
The robustness of the result for 20 observers was checked with a jackknife procedure (Thomson & Chave, 1991) . This consisted of performing regression analysis repeatedly on 20 different sets of 19 observers, by omitting one observer in each analysis. The standard deviations of the 20 sets of three regression coefficients obtained were (0.0293, 0.0336 and 0.0486) for RT, M 9 T 3 L 3 and L Grad , respectively. These are in close agreement with the conventional standard deviations obtained using the full set of 20 observers.
A separate regression analysis (using the three regressor variables RT, M 9 T 3 L 3 and L Grad ) on data from each of the two object recognition experiments revealed little difference between the sets of coefficients for grey-level and textured objects (see Table 2 ). This suggests that the relative degree of dependence on different perceptual cues in accounting for LR is largely independent of whether objects are textured or grey-level.
Multi6ariate pitfalls
In principle, if regressor variables are selected from a sufficiently large number N of potential regressor variables then the variance in any dependent variable y can be accounted for by a small sub-set of (n N) of regressor variables, with a highly significant probability value. This is because, for large N, there is a high probability that a small sub-set of n variables accounts for most of the variance in y. Moreover, the associated probability is significant because regression analysis takes account of the number n of regressor variables actually used, and not the number (N n) of regressor variables from which the n final regressor variables is selected. This is not intended to suggest that all regression analyses are bogus, but that, as with any tool, some care is required for its proper use.
For the data presented here, the inter-dependence between sub-sets of variables reduces the type of problem just described. In practice, each of the four reported regressor variables were selected (as is conventional) on the basis of the change in F-ratio which would be induced by its removal from the regression analysis. The fact that this set of variables provides consistent results when applied separately to data from the GL and DOT experiments (see Table 2 ), and that these variables are consistent with the theoretical ideas under consideration in this paper, is interpreted as circumstantial evidence that these variables are not spurious.
Discussion
Our main result is that observers who learn quickly in an object recognition task have the following perceptual profile. First, they rely preferentially on outline cues (i.e. L Grad ) for making 3D amplitude judgements in vertical ridge stereograms. Second, they rely preferentially on the texture and outline cues over motion in making amplitude judgements to cue-conflict motion ridges (M 9 T 3 L 3 ). Third, they tend to have slow reaction times when deciding whether a presented disc is red or green.
The finding that large values of RT in a choice reaction time task predict fast rates of learning in an object recognition task is surprising. We interpret this in terms of the degree of conservativeness of observers. That is, observers who are conservative in their responses tend to wait longer before responding in the choice reaction task. Presumably, such observers would also tend to be careful in responding in the object recognition task, and would therefore reach the criterion of object recognition learning in a relatively small number of trials.
Note that the absence of texture (T Grad ) as a significant regressor in the object recognition regression analysis suggests that texture does not account for a large proportion of variance in object recognition learning rate. If this line of reasoning is correct then observers' reliance on outline and (lack of) reliance on motion are likely to have influenced responses to the M 9 T 3 L 3 cueconflict motion ridge stimulus.
Additional evidence that reliance on outline implies good object recognition performance is provided by the object recognition experiments themselves. Given that the two object recognition tasks made use of different types of objects (grey-level and textured), it is noteworthy that there is no significant difference between the 
our findings reflect only a generic learning ability then IQ DS and learning rate should not only be correlated, they should also be inter-changeable as dependent variables in the object recognition regression analysis. In fact, learning rate and IQ DS are only weakly correlated (r=0.20, P\ 0.1). A regression analysis with LR replaced by IQ DS as the dependent variable (and retaining RT, motion-dependence (M 9 T 3 L 3 ) and outline-dependence (L Grad ) as independent variables) accounts for only 17.7% of the variance in IQ DS (F=1.833, P= 0.190). These results are inconsistent with the hypothesis that learning rate LR reflects generic learning ability.
Similarly, it might be argued that the psychophysical variables identified here are associated with a generic ability to discriminate visual stimuli. This issue cannot be resolved on the basis of results obtained to date. However, if the same psychophysical variables are identified for other tasks involving visual discrimination then it might be argued that these psychophysical variables are necessary prerequisites for visual discrimination, and that they are also necessary prerequisites for object recognition.
Why does texture reliance not predict object recognition performance?
The texture variable T Grad did not appear as a variable in the object recognition regression analysis. This could be for two different reasons: (i) texture did not contribute to amplitude judgements; and/or (ii) reliance on texture does not contribute to object recognition in our experiments. It is therefore of interest to ascertain whether (i) is true.
For the vertical ridge stereograms, more permutations of stereo, texture and outline cues were used than for horizontal and motion stimuli. A series of paired score t-tests (with df=19) was conducted on amplitude judgements to vertical ridge stereograms in which stereo was consistent with a 9 cm amplitude ridge (see Table  3 ). The results of these t-tests suggest that both texture and outline cues have significant effects on amplitude judgements for two reasons. First, the mean amplitude judgements of S 9 T 3 L 3 ridge stimuli are significantly smaller than those of S 9 T 9 L 3 ridge stimuli (t= 4.430, PB 0.001); (note that the stimuli S 9 T 3 L 3 and S 9 T 9 L 3 differ only in their texture cues). Second, amplitude judgements to the S 9 T 3 L 9 stimulus are significantly smaller than those to the cue-consistent S 9 T 9 L 9 stimulus (t= 7.398, PB 0.001). Therefore, we conclude that a lack of significance of T Grad in Table 2 is not caused by a lack of influence of texture on the amplitude judgements to vertical ridge stereograms. It is therefore possible that T Grad would have been a predictor of LR if the learned objects had been rendered with a different texture. For example, if objects were rendered with rich learning rates for grey-level and textured objects (however, see Troje & Bulthoff, 1996) . Also, separate multivariate regression analyses for each object type (see Table 2 ) have the same significant variables. The main difference between these objects is the rendering of their surfaces (shading for the grey-level objects and random dots for the textured objects). However, both object types provide a reliable outline cue, which could be used as a cue for object recognition. This may account for similarities of the grey-level and textured objects both in learning rates and the results of the multivariate analysis. This conclusion is consistent with results reported in Hayward (1998) . However, results reported in Troje and Bulthoff (1996) suggest that outline is not a critical factor in learning to recognise 3D faces. In Troje and Bulthoff (1996) it was found that textured faces were easier to recognise than shaded faces. This may be explained by the close physical similarity between the outlines of faces used, relative to the large differences in outline between objects used here and in Hayward (1998) .
There are thus two converging lines of evidence (one from the object recognition regression analysis, and one from the common learning rate for grey-level and textured objects) that permit us to simplify the initial summary of our findings, as follows. Observers who learn to recognise objects quickly tend to: (i) rely preferentially on outline cues; (ii) have slow choice reaction times; and (iii) not rely on motion, texture or stereo cues.
We now address some questions pertinent to the discussion so far.
Does object recognition learning rate reflect generic learning ability?
It is possible that the learning rate LR in the object recognition task simply reflects generic learning ability. We can check this by comparing LR with performance on other tests which depend on learning ability. Specifically, IQ DS measures ability to learn associations between items (novel symbols with symbols). Therefore, if texture markings then observers may then have had learning rates commensurate with their texture reliances.
Why does M
Recall that amplitude judgement of M 9 T 3 L 3 is a good predictor of learning rate in the mutltivariate object recognition regression analysis. One might expect that stimulus M 3 T 9 L 9 might also be a good predictor because it entails a similar type of cue-conflict as the M 9 T 3 L 3 stimulus. Paired score t-tests showed: (i) for moving ridges with the motion cue consistent with a 9 cm ridge, mean M 9 T 3 L 3 amplitude judgements were significantly smaller than mean M 9 T 9 L 9 amplitude judgements (t=14.213, P B 0.0001); and (ii) for moving ridges with the motion cue consistent with a 3 cm ridge, the mean M 3 T 9 T 9 amplitude judgements were significantly larger than the M 3 T 3 L 3 , mean amplitude judgements (t= 14.687, PB 0.0001). Therefore texture/outline cues affected the judged amplitudes of both the M 3 T 9 T 9 and M 9 T 3 L 3 cue-conflict moving ridges. Both cue-conflict stimuli would therefore appear equally valid tests of cue-reliance in moving ridges. However if M 3 T 9 L 9 is substituted for M 9 T 3 L 3 in the multivariate object recognition regression analysis then r 2 is reduced, r 2 = 0.446 (PB 0.007). One possible explanation as to why the M 9 T 3 L 3 stimulus is the better predictor of learning rate is that it has more cue-conflicts in common with the object recognition stimuli.
Are amplitude judgements stable?
Two observers, D.F. and C.P, took part in both the grey-level and textured object recognition experiments. They also performed the amplitude judgement task twice, with each session separated by about a month. Fig. 4 shows separate scatterplots for each observer's data from each stimulus in the amplitude judgement task obtained during the first and second experiment. For both observers, the data are highly correlated (PB 0.001). This suggests that these measures provide a relatively stable means of assessing cue-reliance 4 .
Why do obser6ers differ in cue-reliance?
In most stereograms, blur and disparity cues imply different 3D surfaces (Buckley & Frisby, 1993) . The blur cue is consistent with the flat display screen, and the disparity cue is consistent with the depth of the surfaces in the depicted scene. For some observers, this 'unnatural' cue-conflict appears to be problematic. Frisby et al. (1995) argue that it is possible to predict which observer's percepts will be influenced by such conflicts from their tonic accommodation (Owens, 1984) . In Brennand, Buckley, Davis and Frisby (1998) , it was reported that observers' pattern of cue reliance for cue-conflict vertical ridge stereograms can be predicted from their tonic level of accommodation. The exact mechanism by which tonic accommodation affects perception is unclear, but it is possible that observer differences in our object recognition task may be partly explained by such tonic level differences.
Perceptual profile and object recognition
Our results account for the rate of learning of recognition of objects (in terms of observer-specific perceptual profiles), and not necessarily for the recognition of objects per se. However, given that learning is a neces- sary prerequisite for recognition of any given object, it would be surprising if learning rate and post-learning recognition were not related. We therefore anticipate that the methods described here can be used to predict other aspects of (post-learning) object recognition performance, such as ability to generalise over different object views, distances, and sizes. It remains to be seen if the degree of dependence on different psychophysical variables changes between learning and post-learning phases for a given object.
Conclusion
Three variables account for 74% of the variance in learning rate in an object recognition task. These variables are choice reaction time (RT), outline reliance in vertical ridge stereograms (L Grad ), and amplitude judgements to cue-conflict motion ridges (M 9 T 3 L 3 ). Therefore, as conjectured in Section 1, individual differences in cue-reliance define observer-specific perceptual profiles which can be used to predict performance on an un-related object recognition task.
The fact that we have demonstrated it is possible to predict object recognition performance is, in some respects, unsurprising. The import of the current results is that we have demonstrated that three out of seventeen psychophysical variables tested account for object recognition performance. Moreover, we have estimated precisely how much each variable contributes to object recognition performance. One benefit of this type of analysis is that it can lead to new experimental hypotheses. For example, the fact that outline appears to be a dominant cue for object recognition has been influential in the design of our ongoing experiments.
Many research areas would benefit from a better understanding of how individual differences affect performance for stimuli presented on monitors. In particular, our findings are relevant to applications in which monitors are used to display objects, as in virtual reality (see Wann, Rushton & Mon-Williams, 1995) and key-hole surgery (von Pichler, Radermacher, Rau & Jakse, 1975) . When using such stimuli, all the resultant cue-conflicts, and the impact of these on the performance, should be carefully considered. regressors. However, paired t-tests showed that for horizontal ridges texture/outline cues do affect ridge amplitude judgements: (i) judgements of S 9 T 3 L 3 stimuli had significantly smaller means than those of S 9 T 9 L 9 , (t= 3.958, df= 19, PB 0.001); and (ii) amplitude judgements of S 3 T 9 L 9 had significantly larger means than those of S 3 T 3 L 3 , (t= 6.208, df = 19, PB 0.0001). Therefore, the lack of significant variables from horizontal ridge stereograms in the multivariate analysis is not due to a lack of texture/outline effects on amplitude judgements. However, this lack of significant horizontal ridge variables is consistent with the findings of Buckley et al. (1997) and Brennand et al. (1998) , who also found that cue-reliance from vertical, but not horizontal, cue-conflict ridges predicted RT to complex stereograms.
A.2. Motion ridge data
Fig . A1 .2 shows the mean data for motion ridges. The means of the cue consistent motion ridge amplitude judgements have a regression line with a slope of 0.732, and show significant amplitude underestimation when this data is analysed in a 2 factor repeated measures ANOVA with data from equivalent cue consistent vertical and horizontal ridges (Fig. A1 .1), (F 2,38 = 30.117 pB0.0001). This depth underestimation in motion stimuli is consistent with previous work (Durgin, Proffitt, Reinke & Olson, 1995) , and with the finding that motion-induced curvature is less than corresponding stereo-induced curvature (Devries & Werkhoven, 1995) .
